Abstract-Localization is of great importance in mobile and wireless network applications. Time Difference of Arrival (TDOA) is one of the widely used localization schemes, in which the target (source) emits a signal and a number of anchors (receivers) record the arriving time of the source signal. By calculating the time difference of different receivers, the location of the target is estimated. In such a scheme, receivers must be precisely time synchronized. But time synchronization adds computational cost, and brings errors which may lower localization accuracy. Previous studies have shown that existing time synchronization approaches using low-cost devices are insufficiently accurate, or even infeasible under high requirement for accuracy. In our scheme (called Whistle), several asynchronous receivers record a target signal and a successive signal that is generated artificially. By two-signal sensing and sample counting techniques, time synchronization requirement can be removed, while high time resolution can be achieved. This design fundamentally changes TDOA in the sense of releasing the synchronization requirement and avoiding many sources of errors caused by time synchronization. We implement Whistle on commercial off-the-shelf (COTS) cell phones with acoustic signal and perform simulations with UWB signal. Especially we use Whistle to localize nodes of large-scale wireless networks, and also achieve desirable results. The extensive real-world experiments and simulations show that Whistle can be widely used with good accuracy.
INTRODUCTION
T HE proliferation of wireless and mobile devices has fostered the demand for context-aware applications, among which location is often the most important. One of most commonly used localization is the TDOA-based system, where the target emits a signal and a set of anchors (receivers) with known location record the arriving time of the signal. Calculating the time differences of signal's arrival over anchors will localize the target. Another TDOA scheme uses a combination of signals of different propagation speeds. Taking Cricket [33] as a typical example, a sender emits ultrasound and RF signals simultaneously, while a receiver records the arrival time of them. The difference of two time stamps can be further used to calculate the sender-receiver distance. Different from the multimodule signal TDOA, in this study, we consider time difference as the difference of the arrival times of a same signal at different anchors [13] , [18] , [20] , [39] , [42] . In fact, for both TDOA systems, the time synchronization among anchors is highly needed.
Many synchronization polices for low-cost wireless devices are designed, such as RBS [12] , TPSN [21] , FTSP [29] , GTSP [38] , providing a common timescale for local clocks of nodes in a network for many applications. The time synchronization is generally obtained based on a set of beacon message exchanges. Unfortunately, the message carrying the time stamp often suffers from several sorts of delay before it can be confirmed by other nodes. Sivriava and Yener [36] decomposes the time uncertainties into four components:
. Send time. Time spent to generate a beacon message at the sender. . Access time. Delay at the medium access control (MAC) layer before actual transmission. . Propagation time. Time spent for a message to be transmitted in the air from a sender's network interface to a receiver's. . Receive time. Time needed for a receiver to receive and decode the message, and report it to upper layer applications. Some synchronization solutions can remove one or two above error sources, but not all of them [21] , [38] . What's worse, even a solution that can correctly handle the four errors is still not perfect due to the clock skew and drifting. Thus, synchronization is often not a one-time task and needed to be carried out frequently during the lifetime of nodes, thereby introducing substantial costs. So, the insufficiency of existing synchronization solutions makes high-accuracy localization extremely challenging, especially for COTS devices.
In this paper, we propose Whistle, a novel TDOA localization without time synchronization, which achieves high accuracy by two techniques: Two-signal sensing and sample counting. First, anchors record both the source signal and a successive signal emitted by a Whistle anchor (called two-signal sensing). After the recording stage, each anchor can count the number of samples between these two signals and then derive the elapsed time between them (called sample counting). Then, each anchor reports its measurement to a back-end server, which will calculate the TDOA values between distinct anchors. Finally, Whistle can locate the sound target by solving the set of equations of TDOA measurements.
Compared with other TDOA-based systems, which often use customized hardware and software to reduce the error in synchronization and TDOA measurement, Whistle achieves good accuracy with only low cost and easy deployment. Totally, the main contributions of this work are as follows: 1) Synchronization free. Whistle changes the scheme of TDOA fundamentally, removing the synchronization requirement, and avoiding many sources of inaccuracy found in other TDOA approaches. 2) High time resolution and accuracy. Using 44.1-kHz sampling rate, Whistle achieves an a time granularity of 0.023 ms. Such a sound recording rate is supported by the microphones of most COTS devices, such as mobile phones, PDAs, and so on. The mean location error is 10 $ 20 centimeters in a 9 Â 9 Â 4 m 3 three-dimensional space, which satisfies the requirement of a large number of applications. The simulations with UWB signal also get good accuracy. 3) Low costs, easy deployment, and widespread use. We implement Whistle on COTS smart phones with Windows Mobile platform, and so Whistle is of low cost and easy deployment. The simulations reveal that the scheme of Whistle can also be used in large-scale wireless network localization.
The rest of the paper is organized as follows: In Section 2, we review the significant researches related to our work. In Section 3, the design of Whistle is presented with more details and analyses. In Section 4, we introduce the architecture of our Whistle prototype system and its basic working process. Section 5 involves extensive testbed examination of Whistle in terms of localization accuracy. We also conduct extensive simulations to investigate what performance Whistle can achieve in localization with RF signals, and in node localization of large-scale wireless networks (see the supplementary file, which can be found on the Computer Society Digital Library at http://doi. ieeecomputersociety.org/10.1109/TPDS.2012.248). Section 6 concludes this paper.
RELATED WORK
Many range-based localization algorithms have been proposed recently. Existing works basically use three types of measurements of acoustic signals: TDOA [33] , [5] , [28] , [40] , [19] , direction of arrival (DOA) [25] , and received signal energy [34] , [35] , [6] , [30] , [4] .
Cricket [33] is a TDOA-based localization system. It uses concurrent RF and ultrasonic signal to measure TDOA between two nodes referring to their own CPU time stamps. Mahajan and Walworth [28] use TDOA measurements to solve a linear equations system similar to ours. Since their TDOAs are measured by CPU time stamps, clock synchronization is needed. The work in [40] employs eight microphones to obtain the TDOA information, which is further used to estimate the bearings of sound sources. Motivated by animal monitoring in field, the works [3] , [22] implement and evaluate a DOA-based sound localization system called ENSBox [22] and employ it to localize marmot alarm calls. An energy-based localization system is proposed in [6] , in which the positions of speakers are estimated using an ad hoc microphone array and the maximum likelihood estimation method. In [30] , a set of methods based on energy measurement are developed; particularly, a weighted direct least-squares formulation is presented to improve the performance.
BeepBeep [32] is an acoustic-based ranging system with high accuracy. It measures the distance of two cell phones using only their microphones, speakers, and WiFi connection, without leveraging any pre-planned infrastructure. In BeepBeep, two cell phones emit the same sound signal one after one, and then each phone computes the elapsed time between the two time-of-arrivals (ETOA). With the two ETOAs, the distance between the two phones can be obtained. Both the two nodes of BeepBeep must actively participate the ranging process, so the scheme of BeepBeep can be used for TOA localization, rather than for TDOA inherently because the target (or event) cannot often cooperate with anchors.
Though range-based methods can get high accuracy, they often need expensive equipments and have strict connectivity requirements. Some range-free algorithms [9] , [23] , [14] , [16] , [15] have been proposed for localization. DVhop [9] uses the average distance of each hop and hop counts to calculate the real distance between two nodes. APIT [23] makes tests to know whether the unknown node is inside the triangle formed by different anchor nodes, and obtains the intersected region of all the triangles covering the unknown node, then sets the centroid of that region as the result. Li and Liu [26] reveal that these range-free schemes fail in anisotropic WSNs with possible holes, and propose the Rendered Path (REP) protocol.
Several techniques have been proposed for solving nonlinear TDOA equations. Fang [13] reduces the computation to the solution of a quadratic or a quartic equation, but his method cannot make use of extra measurements from extra receivers to improve position accuracy. More general methods with extra receivers can be found in [20] , [37] . They provide closed-form solutions, but their estimators are neither unbiased nor optimal. Abel [24] proposes a divide and conquer (DAC) method that can achieve optimum performance and unbiased estimator when the data vector is appropriately subdivided, but DAC requires quite large Fisher information and is difficult to be implemented. The Taylor-series method [39] , [18] can get high accuracy at reasonable noise levels, but it is computationally intensive because of its iterative course and finding a proper initial point to avoid the convergence problems is not easy. The method proposed by Chan and Ho [42] is noniterative and gives an explicit solution, and attains the Cramer-Rao lower bound near the small error region. This method also has a higher noise threshold than DAC. In short, the method balances computational complexity and accuracy, and is thus adopted in our work. As the emitter is usually far away from the receivers, it is natural for [10] , [11] to use the hyperbolic asymptotes to approximate the TDOA hyperbolae. This method simplifies the problem but gives a trouble that how to pick N À 1 bearings when there are N receivers. Dogancay [10] designs a wonderful idea of clustering using kernel density estimation, which greatly reduces computational complexity; however, this kind of methods cannot be used to three-dimensional or near-field localization.
MAIN DESIGN
In TDOA-based localization, a TDOA measurement gives the time difference of arrival of a signal emitted from a target to two distinct anchors. With multiple TDOAs as well as locations of anchors, we can deduce the location of target. The critical task in TDOA-based localization is to accurately measure the TDOA between any pair of different anchors. In general, it needs at least three (four) anchors to localize a target in two-dimensional (threedimensional) space. Fig. 1 shows a two-dimensional example of localization, where a TDOA measurement together with locations of two anchors define a branch of a hyperbola, whose foci are the locations of both anchors.
System Overview
In the design of Whistle, the target should be able to emit some type of signal to demonstrate its existence. Sound signals are suitable for a large set of devices, including mobile phones, PDAs, and sensor motes. In this study, we choose a sound source as the target. In fact, the techniques developed here can be applied for other scenarios. We denote by S an acoustic signal that is able to emit an omnidirectional sound signal lasting for a specified period. In Whistle, we assume S can be mathematically described in advance. Technically, Whistle does not rely on any specific form of sound signals and consequently can be used for more general purpose. Besides the acoustic source S, Whistle involves a few anchors (also called receivers) that are placed with known locations and receive the acoustic signal from S. Each anchor has a basic set of hardware, including a speaker, a microphone, and wireless connector (such as Bluetooth or WiFi).
The basic idea of Whistle is as follows: For an anchor, it needs to record not only the source signal but another signal emitted by some Whistle anchor. According to the sound record, the anchor can locally detect the interval of the arrival time of these two signals, without referring to the clock of any other anchor. Whistle uses such time interval measured locally to calculate TDOA between two anchors, still without needing any time synchronization. The essential contribution of Whistle is removing the time synchronization required by conventional TDOA-based method.
It is noticeable that in TDOA-based system, the TDOA equations, often nonlinear, cannot be solved directly.
Researchers [42] , [13] , [24] have developed several estimators to achieve better accuracy in solving TDOA equations . In this study, we adopt Chan's method [42] because of its accuracy and the desirable computation complexity. So Whistle concentrates on how to accurately measure the TDOA values between any pair of anchors and how to effectively handle with the uncertainties in processing those TDOA measurements.
Measuring TDOA by TD2S
Here, we describe how to accurately measure TDOA values between two asynchronous anchors. Fig. 2 shows a typical time sequence of two Whistle anchors A and B. Let t A1 and t B1 denote the times of Ss arriving at the microphones of A and B, respectively. Clearly, the TDOA between A and B can be measured with ðt B1 À t A1 Þ if two anchors could be perfectly time synchronized. In reality, however, A's CPU can identify the arrival of S just at t A2 , not at t A1 . The same latency occurs at anchor B. Many experimental studies demonstrate that the software latency, such as ðt A2 À t A1 Þ or ðt B2 À t B1 Þ, is inevitable and unpredictable [32] . Therefore, we still cannot exactly express the TDOA value by ðt B2 À t A2 Þ. In summary, the uncertainties and errors caused by software and hardware make it impossible to implement perfect time synchronization, thereby disabling ðt B1 À t A1 Þ or ðt B2 À t A2 Þ to be an effective estimate of the TDOA between anchors A and B.
To eliminate the uncertainties and errors in time synchronization, we introduce another acoustic signal S 0 (called the system sound) emitted by one Whistle anchor, which is called the base anchor ( other anchors are called the nonbase anchor). With the help of the system sound S 0 , we develop a method to measure ðt B1 À t A1 Þ. As shown in Fig. 2 , after a specified time interval, A, as the base anchor, emits S 0 from its speaker at time t A3 according to its own clock. Next, we show the calculation of the TDOA between two anchors according to the arrival times of S and S 0 . As shown in Fig. 2 , the TDOA value between receivers A and B, denoted by T AB , is expressed with ðt B1 À t A1 Þ if both anchors are time synchronized. Now, suppose A is the base anchor. A emits system signal S 0 from speaker at time t A3 , and then S 0 arrives at the microphones of A and B at t A4 and t B3 , respectively. A and B's CPUs detect S 0 at t A5 and t B4 , respectively. We define the TD2S value of an anchor as the time interval between arrivals of S and S 0 at this anchor, and denote by T A2S the TD2S value measured by an anchor A. Obviously, we have T A2S ¼ ðt A4 À t A1 Þ and T B2S ¼ ðt B3 À t B1 Þ. Note that the two TD2S values of A and B can be calculated using only their own local clock. Equation (1) presents a mathematical manipulation to express the TDOA between A and B using two TD2S values measured by A and B, respectively,
where d AB is the distance from A's speaker to B's microphone, and d AA the distance from A's speaker to A's microphone. The two distance variables and the speed v are all constants. Clearly, we only need to calculate T A2S and T B2S to calculate the TDOA value T AB . Moreover, the TD2S value of a receiver can be obtained by its local clock, without any synchronization with others. Thus, we use (1) to eliminate the requirement for time synchronization in measuring TDOA between two anchors. Before introducing the method of precisely measuring TD2S values, we explain why the TD2S value is existing--why is the arrival of S 0 at a nonbase receiver always later than the arrival of S at this receiver? Suppose that the target and all anchors are placed in a line-of-sight environment. And suppose the base anchor A sends S 0 with the time delay of Á t after it receives S. We use Fig. 3 to prove the existence of TD2S. We assume that the propagation times of S arriving at A and B are t SA and t SB , respectively, and that the propagation time of S 0 from A to B is t AB . From Fig. 3 , we can see the three propagation times construct a triangle in the line-of-sight environment, which means ðt SA þ t AB Þ ! t SB . Since the time Á t , the delay at the system anchor A, is always greater than zero, we have ðt SA þ t AB Þ > t SB , i.e., for any nonbase anchor, it always receives S 0 later than S. Thus, we can measure the TD2S value at any nonbase anchor, according to its local clock.
Measuring TD2S
In Fig. 2 , because latencies are unpredictable, ðt A4 À t A1 Þ is not always equal to ðt A5 À t A2 Þ. For a receiver, the TD2S measured by the difference of its two CPU time stamps is not promising, as traditional synchronizing methods attempt to do. Recall that when an anchor is in the recording state, it samples the acoustic signal at a fixed frequency (fHz). In other words, every 1=f second, the anchor senses and translates sound into real or complex digits by its A/D converter. For example, while the signal S arrives at the microphone of anchor X, it is recording the ith sample. After a while, X's microphone detects the signal S 0 when its sample counting goes to j. Now, we can express T X2S , the TD2S value of X, by ðj À iÞ=f. Thus, we eliminate the uncertainties that are inherent for the time-stamp-based synchronization A higher sampling rate results in a higher accuracy. In this paper, the sampling rate is 44.1 KHz, which is supported by most COTS devices. Another critical challenge for Whistle is precisely detecting both arrivals of S and S 0 for calculation of TD2S as shown in Fig. 4 . We assume that both S and S 0 use the same form of sound signal. If the signal has a good autocorrelation property, it is easy to accurately determine the peak relevant to the arrival of S by correlating it with the known signal. Specifically, the two maximal peaks returned by the cross correlation of time domain can represent the arriving times of S and S 0 . In practice, the highest peak cannot always represent the arrival of signal because of multipath effects and other uncertainties. Empirically, we determine the arrival of signal by choosing the earliest sharp peak in a shadow window of ! 0 sampling points on the right side of the highest peak. Here, we weigh the sharp peak with two parameters: The height and the average slope of point p, which is denoted by LðpÞ and calculated by ðY p À Y v Þ = ðX p À X v Þ, where ðX p ; Y p Þ is the coordinate of peak p in the time-domain data of cross correlation and ðX v ; Y v Þ is the nearest valley point before p. Only the peak will be chosen whose height is larger than Y max Â T H Y and whose slope is larger than L max Â T H P . In Whistle, we empirically set ! 0 ¼ 5; 000, T H Y ¼ 0:5, and T H P ¼ 0:5.
Generally, we can use any signal with good autocorrelation property as the reference signal. Considering the properties of the built-in speaker and microphone of a cell phone, in this paper, we select the linear chirp signal (sounds like a whistle) with the frequency changing from 2 to 6 KHz as S and S 0 , and the duration of the chirp signal is set with 50 ms.
We have shown a method using TD2S to calculate TDOA. But, sometimes, we may obtain wrong TD2S from defective recording possibly caused by obstacles between S and anchors or background noises. Moreover, because we do not know when and where the source signal S is emitted, it is very difficult to give a range that the exact value of TD2S should reside in. In this paper, we use a majority decision-based policy to detect wrong TD2S values. We first present an important observation as follows: Suppose that the sound source M emits S at t, and that the base anchor N emits S 0 at t 0 ðt 0 > tÞ. Nonbase anchors A and B both record the two signals. Thus, the two TD2S values of A and B must satisfy the following relation:
Inequality (2) demonstrates that the absolute difference of two TD2S values measured by two anchors must not be greater than the euclidean distance between these two anchors multiplied by 2=v, where v is the speed of sound. If the maximum distance between any pair of anchors is D, then it holds that for any two anchors A and B, the absolute difference between their TD2S values, jÁ AB j, is always less than or equal to 2D=v. In fact, D is easy to be obtained because the locations of all anchors are known in advance. We introduce how to detect outliers of TD2S as follows:
We first form a set P of all TD2S values returned by a localization and sort P in an increasing order. Then, we use a window of size 2D=v to cover as many elements of P as possible. Clearly, the difference of any two elements of P is not greater than 2D=v. In the experiments of testbed, we find that most of TD2S values of P can be covered by such window. According to the majority decision principle, we treat those TD2S values outside P to be outliers. Note that if such method of pruning out outliers is used, we possibly need to introduce redundant anchors or repetition of localization to guarantee there are sufficient TD2S information to calculate TDOA values required by localizing target. In fact, the experiments illustrates that two or three redundant anchors can provide sufficient validated TD2S values, while increasing the location accuracy significantly.
SYSTEM IMPLEMENTATION
We first introduce the architecture of Whistle in both hardware and software and then give a walk-through example about how Whistle works.
System Architecture
In the Whistle prototype, we use eight mobile phones, consisting of six Dopod P800, one O2 XDA Atom, and one SonyEricsson XPeria. Each of them has a pair of built-in speaker and microphone, and a WiFi module. In the system, the O2 phone serves as the base anchor emitting S 0 , the Sony phone as the target emitting S, and all other Dopod phones as nonbase anchors. The signals S and S 0 are both designated to the linear chirp signal lasting 50 ms.
We organize these eight mobile phones, a WiFi AP (TP-LINK WR340), and a laptop (Lenovo T60) into a star-like network, where all phones connect directly to the AP via WiFi interface and the AP relays received data (sound records in wav format) to the laptop for location computation. In fact, a high-performance mobile phone can replace both the laptop and the AP, serving as a hub connecting the other phones. Fig. 5 shows the software architecture of Whistle, which consists of two components: The server and the client. The server runs on the laptop, providing a localization GUI, by which the user can configure the mobile phone connection and issue to them the command of localization. The client codes run on each anchor phone, using its microphone to record sound with the sampling rate of 44.1 KHz. A mobile phone client is composed of an operation interface, a recordoutput thread, and a playing thread. The data recorded by microphone are written into phone's storage card as a .wav file and then sent to the server via wireless channel.
A Walk-Through Example
In this section, we use a walk-through instance to show the working process of Whistle in experiments.
First, we connect all mobile phones to the laptop in a star-like formation. After successfully connecting those devices, mobile phones send to the laptop their basic information, covering their IP, location (excluding S's location), ID, and so on. These information can be displayed and managed by the server. Second, being initialized, the server starts a task of localization by sending to anchors a command and determines whether all anchors are ready to record by counting the ACK messages replied from these anchors. If yes, then the server automatically triggers the target phone and the base anchor phone to let them emit S and S 0 . Third, the base anchor phone will reply an ACK to the server if it finishes emitting signal S 0 . Upon receiving this ACK, the server informs all nonbase anchor phones to stop recording and send back their sound records. At last, the server receives and stores all the sound data, and calculates the location of S as follows:
1. Correlate the sound data from each nonbase anchor phone, with a template signal that is the same as the source signal S. 2. Find the arrival points of S and S 0 in the data resulted from correlation and then calculate the TD2S value of each nonbase anchor, using the method described in Section 3.3. 3. Prune out the TD2S outliers according to method of detecting outliers in Section 3.3. 4. Calculate the TDOA value between each nonbase anchor and the base anchor, and then use these TDOA values to compute the location of S by Chan's method of solving equations [42] . 
5.
After obtaining the location of S, the server will display this location on its UI-an entire localization course ends.
EXPERIMENTAL EVALUATION
Through extensive testbed experiments, we examine the performance of Whistle in terms of localization accuracy. Except for some negligible factors, like the variation of speed of sound, there are still other three factors that may weigh against localization accuracy. The first is the signalto-noise ratio (SNR). Environmental noises are always recorded. If the energy of the transmit signals is limited or the frequency of noise is close to the signals, it will be difficult to detect the arrival time of the signals. The second is the multipath effect. Due to reflection, an acoustic signal may reach to the receiver via different paths. Though we take the earliest peak instead of the highest peak to deal with multipath effects, sometimes the right time point cannot be captured easily. Equation solving is the third factor. Chan's method performs well when the TDOA measurement errors are small [41] . Considering these possible sources of errors, we conduct testbed experiments in different practical scenarios to examine the effect of practical environmental factors on the accuracy of Whistle. Additionally, we perform extensive simulations to examine the feasibility of Whistle working with RF signals and the feasibility of Whistle for node localization in large-scale wireless network. The simulation results and analysis are involved in the supplementary file, available online.
Settings of Test Environment
Whistle is evaluated in two-dimensional and three-dimensional scenarios. In each scenario, according to the error sources mentioned above, we intentionally conduct the experiments in the following environments. Case 1 (Outdoor, quiet): Whistle is deployed outside a large gymnasium in our campus. Case 2 (Outdoor, noisy): the deployment is identical to Case 1, but a speaker is used to play music loudly for building noisy atmosphere. Case 3 (Indoor, quiet): Whistle runs within a quiet hall of size about 9 m Â 9 m Â 4 m. Afterward, we describe Case 1 by Normal, Case 2 by Noisy, and Case 3 by Inside, respectively. We place the sound source at 16 different points in each environment, and collect 10 repeated samples of measuring data at each point. Since temperature changes with time increasing, we record temperature when S changes its position. Formally, the model of sound speed in use is v ¼ 331:3 þ 0:6 Â ðm=sÞ [1] , where is the air temperature in Celsius.
For two-dimensional or three-dimensional target localization of all environments, we have the same deployment of anchors and sources. Since the sound signal attenuates rapidly when transmitting in the air, our localization is distance restricted-so we confine the Whistle prototype within an 9 Â 9 Â 4 m 3 space. If a speaker of higher power is used as sound source, then Whistle will be able to work under a larger space. The three-dimensional and the two-dimensional deployments are shown in Figs. 6 and 7 , respectively. Note that we only examine sound sources placed within a quarter of the experimental space because of the spatial symmetry.
Outlier Identification
In the experiment, we find some localization results with extremely large errors; those errors are from obviously failed experiments that cannot produce enough eligible TD2S or TDOA values. These results significantly lower the localization accuracy. In our accuracy evaluation, we identify the results with the distance error greater than one meter as outliers and prune out them before evaluating the accuracy, much the way BeepBeep [32] does. Fig. 6 . Deployment of anchors and acoustic targets in three-dimensional experiments (unit: cm). The blue point is the location-fixed anchor and the red one the target examined. Fig. 7 . Deployment of anchors and acoustic targets in 2D case (unit:cm). The blue point is the anchor, and the red one is the target.
In fact, the threshold of 1 meter for outlier identification reflects the bound for the capacity of Whistle. Since the target sound signal transmitted by the mobile phone platform is very low in power, it attenuates so much when arriving at anchor's microphone that it cannot be detected with desirable accuracy. We find, in three-dimensional, Normal experiments, that when the source is placed at least 11.2 meters (or more) away from any one of anchors, almost all locations returned are more than 1 meters in error. So we empirically set with 1 meter the threshold for outlier identification-which reflects the maximum capacity of Whistle in a general scenario. Fig. 8 shows the number of outliers of the 10 repeated operations for each source. It is obvious that there are only very few outlier for most configurations. The outlier percentage for the three-dimensional, Inside localization, slightly higher than that forx the two-dimensional localization, is still not beyond 12 percent. The outliers from within the three-dimensional inside case indicates that the multipath effect, which is significant in indoor environment, impacts the accuracy of localization based on the acoustic signals.
Note that here, the outliers are analyzed in an offline manner; in other words, if a location result is recognized as an outlier after being compared with the ground truth of the target, the localization task will be looked as a failure. In practice, the real location of target is unknown in priori, but we may turn to some methods to verify whether a localizing operation fails or not. Our experiments, for instance, show that there exists a close relation between the validity of localization and the distribution (cluster) of the TD2S measurements, i.e., these TD2S values and their distribution feature(s) may indicate a successful or failed localization to be obtained. In this paper, we do not present any formal analysis about the TD2S distribution, because the real environment, as we know, significantly affects the propagation of sound in a prediction-hard way;
and it may be our future work to improve Whistle for some specific scenarios.
In the Fig. 8 , we can see that generally, the twodimensional experiment have much less outliers than the three-dimensional one (even when both are carried out in the Indoor case). The reason behind relies on that redundant nodes benefit the localization accuracy. The two-dimensional case has one more redundant node than the three-dimensional case, so it is easier for twodimensional to avoid outliers. It is also observed that the noise as well as the multipath effect can result in more outliers. Especially, the multipath effect of three-dimensional case gives strong impacts on the localization than that of two-dimensional case does.
Accuracy of Localization
To evaluate the accuracy Whistle can achieve, we use an intuitionistic but effective method [32] that examines the TDOA error and the distance error of each localizing result, according to the comparison with the ground truth. The distance error is defined as the euclidean distance between the location of the exact target and the location returned by Whistle.
We compare the TDOAs calculated by Whistle with ones calculated according to the ground truth, and plot the distribution of TDOA errors in Fig. 9 . We can see that for two-dimensional case with different configurations, more than 85 percent of TDOA errors are less than 0.4 ms, and for three-dimensional case, more than 90 percent TDOA errors are less than 0.4 ms. Fig. 10 plots the localization accuracy of Whistle. We can see that most of the errors are below 30 cm. Though there is no obvious trend in the Fig. 10 , we still find that from point 4 m þ 1 to 4 m þ 4ð0 m 3Þ, errors increase mostly. Because in our deployment, among the four points, point 4m þ 1 is the nearest to the center while point 4 m þ 4 is the farthest (see Figs. 6 and 7) , we find that our method performs not so well when S is far from most receivers. Considering that TDOA method is essentially to get the intersection point of a set of hyperbolas or hyperboloids, when the sound source is far away, included angle between two hyperbolas would be so small that a little movement of one hyperbola cause significant positional change of intersection point, our conclusion is reasonable.
Overall, Whistle can achieve relatively high accuracy on time measurement and correspondingly on localization, even though the background noise or multipath effect is very significant. Noise and multipath increase the number of outliers, but do not lower the localization accuracy directly. More respects of Whistle's accuracy for two-dimensional and three-dimensional environments are shown in Fig. 11 and Table 1 , from which can be seen that Whistle achieves high accuracy with different configurations.
We can see that results in Normal environments are not always the best. Though noise and multipath increase the number of outliers, they do not directly enlarge errors of right results. The consequences of three environments are quite similar. We think that our system resists multipath because of the efficient method for finding the first peak, and resists noises because of the good autocorrelation property of chirp signal.
Discussions about Implementation
By correlating the recording data with template signal, we can calculate the TD2S and then the TDOA between two anchors. Here, a practical problem is: Where should we perform the calculation of TD2S and TDOA? At individual anchor, or at the server? If using the former plan, each anchor needs to locally process the sound file. For a COTS phone (for instance, Dopod P800 with a TI processor of 200 MHz and Windows Mobile 5.0 installed), it will take about 80 seconds to calculate the TD2S and TDOA measurements from a 5-second sound record containing 220 thousand sampling points (44.1 KHz). In this way, however, the anchor needs extremely less wireless bandwidth to transmit to the server the obtained TD2S and TDOA data that are of size tens of bytes. If we use the latter plan, each anchor only needs to transmit all its sound data in compressed formation to the server, where TD2S and TDOA are calculated and then localization can be deduced. In practice, it will take a few milliseconds for a COTS phone in 54 Mbps WLAN to transmit to the server a compressed sound file of size 25 Kb. Clearly, the calculation at anchor is a potential bottleneck of real-time performance, and hence, Whistle puts all computation burden (i.e., CPU clock) to the server. If the anchor in use is sufficiently high in computation performance, or if the communication bandwidth is very limited, the first plan may be preferable. In other words, where to take calculation of TD2S and TDOA values needs comprehensively considering the communication bandwidth and the computation capability of anchors.
CONCLUSIONS
In this paper, we propose a TDOA-based acoustic source localization framework, called Whistle, which needs no synchronization and achieves high accuracy with COTS devices for both two-dimensional and three-dimensional cases. We also investigate the feasibilities of Whistle for UWB system and for large-scale network localization by extensive simulations. The simulation results, shown in the supplementary file, available online, demonstrate the desirable performance of Whistle. In the future, we will pay particular attention on both extending Whistle to be an energy efficient, scalable localization scheme for multihop wireless network as well as UWB-based deployment, and performing the theoretical error analysis under diverse and practical settings. Additionally, we will examine the Whistle under other smart-phone platforms with highperformance processors. . For more information on this or any other computing topic, please visit our Digital Library at www.computer.org/publications/dlib.
